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Comparison of Agglomerative and Partitional Document
Clustering Algorithms*

Ying Zhao and George Karypis

Departmenbf ComputerScience Universityof MinnesotaMinneapolis MN 55455
{yzhao karypig@cs.umn.edu

Abstract

Fastandhigh-qualitydocumentlusteringalgorithmsplay animportantrole in providing intuitive navigationand
browsing mechanismdy organizinglarge amountsof informationinto a small numberof meaningfulclusters,and
in greatlyimproving theretrieval performanceeithervia clusterdrivendimensionalityreduction term-weighting or
queryexpansion.This ever-increasingmportanceof documentlusteringandthe expandedangeof its applications
led to the developmentof a numberof nowel algorithmsand new clusteringcriterion functions, especiallyin the
contet of partitionalclustering.

Thefocusof this paperis to experimentallyevaluatethe performancef sevendifferentglobalcriterionfunctions
in the contet of agglomeratie clusteringalgorithmsandcomparehe clusteringresultsof agglomeratie algorithms
andpartitionalalgorithmsfor eachoneof the criterion functions. Our experimentalevaluationshavs thatfor every
criterionfunction, partitionalalgorithmsalwaysleadto betterclusteringresultsthanagglomeratie algorithms which
suggestshat partitional clusteringalgorithmsarewell-suitedfor clusteringlarge documentdatasetslueto not only
theirrelatively low computationatequirementshut alsocomparableor evenbetterclusteringperformance.

1 Introduction

The topic of clusteringhasbeenextensvely studiedin mary scientific disciplinesand over the yearsa variety of
differentalgorithmshave beendeveloped.Two recenssuneysonthetopics[12, 11] offeracomprehensiesummaryof
thedifferentapplicationsandalgorithms.Thesealgorithmscanbe catayorizedbasedntheirunderlyingmethodology
aseitheragglomeative[22, 16, 8, 9, 15] or partitional approachefl8, 13, 19, 3, 27, 10, 24, 2, 5].

In recentyears,variousresearcherbave recognizedhat partitionalclusteringalgorithmsarewell-suitedfor clus-
tering large documentatasetslueto their relatively low computationatequirement$4, 17, 1, 23]. However, there
wasthecommonbeliefthatin termsof clusteringquality, partitionalalgorithmsareactuallyinferior andlesseffective
thantheir agglomeratie counterpartsThis belief wasbasedboth on experimentswith low dimensionabdatasetas
well was asa limited numberof studiesin which agglomeratie approachesutperformedgartitional K -meansased
approachesFor example,in the context of documentretrieval, the hierarchicalalgorithmsseemso performbetter
thanthe partitionalalgorithmsfor retrieving relevantdocument$25]. Similarly, Larsen[17] alsoobsenedthatgroup
averagegreedyagglomeratie clusteringoutperformedrariouspartitionalclusteringalgorithmsin documentlatasets
from TREC and Reuters.However, mostof the previous comparisonslid notaddresghe effect of a key character
istic of bothpartitionalclusteringalgorithmsandagglomeratie clusteringalgorithmswhichis the criterionfunction
whoseoptimizationdrivesthe entire clusteringprocess.A recentstudy[26] on the suitability of differentcriterion
functionsto the problemof partitionallyclusteringdocumentiatasetshavedthatdifferentcriterionfunctionsdolead
to substantiallydifferentresults.An extensie studyof the variouscriterionfunctionsin the context of agglomeratie
clusteringalgorithmsis neededn orderto conducta morecomprehensie comparison.

Thefocusof this paperis to performsucha studyon the suitability of differentcriterionfunctionsin the context of
agglomeratie documentlustering,andto compareagglomeratie andpartitionalalgorithmsfrom the perspectie of
criterionfunctions.In particular we evaluatea total of sevendifferentglobalcriterionfunctionsthatmeasurevarious

*This work was supportecby NSF CCR-9972519F1A-9986042,ACI-9982274 by Army ResearclOffice contractDA/DAAG55-98-1-0441,
by the DOE ASCI program,and by Army High PerformanceComputingResearchCentercontractnumberDAAH04-95-C-0008.Relatedpapers
areavailablevia WWW atURL: http://www.cs.umn.edu/"karypis



aspectof intra-clustersimilarity, inter-clusterdissimilarity, andtheir combinations Thesecriterionfunctionsutilize
differentviews of theunderlyingcollection,by eithermodelingthe documentssvectorsin ahighdimensionakpace,
or by modelingthe collectionasa graph.We alsocomparethe hierarchicaklusteringresultsobtainedfrom repeated
bisectionsandagglomeratie clusteringunderthe samecriterionfunction. In the former case the criterion function
is usedin clusterrefinementwhereaghe later case the criterion function determineghe next pair of clustersto be
merged. The commonlyusedmethodgroupaverage(lUPGMA) [13] is amongthe sevencriterionfunctions.

We experimentallyevaluatedhe performancef thesecriterionfunctionsusingpartitionalandagglomeratie clus-
tering algorithmsin twelve differentdatasetsobtainedfrom varioussources. Our experimentsshaved thatin the
contet of agglomeratie documentlustering differentcriterionfunctionsalsoleadto substantiallydifferentresults.
However, the relative performanceof variouscriterion functionsin agglomeratie clusteringalgorithmsdoesdiffer
from therelative performanceén partitionalclusteringalgorithmsaswe foundin [26].

Our experimentalresultsalso shaved that partitional algorithmsalways generatebetter hierarchicalclustering
solutionsby repeatedisectionthanagglomeratie algorithmsfor all the criterionfunctions.The obseredsuperiority
of partitionalalgorithmssuggestshat partitionalclusteringalgorithmsarewell-suitedfor clusteringlarge document
datasetdue to not only their relatively low computationarequirementsput also comparableor betterclustering
performance.

2 Preliminaries

Through-outhis papemwe will usethesymbolsn, m, andk to denote¢henumberof documentsthenumberof terms,
andthe numberof clustersrespectiely. We will usethe symbolSto denotethe setof n documentghatwe wantto
cluster S, S, ..., & todenoteeachoneof thek clustersandny, ny, . . ., nk to denotethesizesof the corresponding
clusters.

Thevariousclusteringalgorithmsthataredescribedn this paperusethevectorspacenodel[21] to represeneach
documentlIn this model,eachdocumend is consideredo be a vectorin theterm-spaceln particular we employed
thetf —idf termweightingmodel,in which eachdocumentanberepresenteds

(tf, log(n/dfy), tfy log(n/dfy), . . ., tf,, log(n/df,)).

wheretf; is thefrequeng of thei th termin thedocumenanddf; is thenumberf documentshatcontaintheith term.
To accountfor document®f differentlengths,the lengthof eachdocumentvectoris normalizedso thatit is of unit
length(||dgigrll = 1), thatis eachdocuments avectorin the unit hypersphereln therestof the paperwe will assume
thatthe vectorrepresentatiofor eachdocumentasbeenweightedusingtf-idf andit hasbeennormalizedsothatit
is of unitlength.Givenaset A of documentsndtheir correspondingectorrepresentationsye definethe composite
vectorDatobeDa = )"y d, andthecentroid vectorCa tobeCa = PT/T .

In the vectorspacemodel, the cosinesimilarity is the most commonlyusedmethodto computethe similarity
betweentwo documentdd; anddj, which is definedto be cogd;, dj) = ”—didi[—ﬁiém. The cosineformula canbe

simplified to cog(d;, dj) = ditdj, whenthe documentvectorsare of unit length. This measurébecomesneif the
documentsareidentical,andzeroif thereis nothingin commonbetweerthem(i.e., thevectorsareorthogonato each
other).

3 Document Clustering

In this section,we first discusghe variouscriterionfunctionsthatwe evaluatedn the context of agglomeratie clus-
tering and then describethe detailsof the agglomeratie and partitional clusteringalgorithmsthat we usedin our
experiments.

3.1 Clustering Criterion Functions

Theclusteringeriterionfunctionsintroducedn this sectioncanbeclassifiednto four groups:internal,external,hybrid
andgraph-basedlheinternal criterionfunctionsfocuseson producinga clusteringsolutionthatoptimizesafunction
definedonly over the document®f eachclusteranddoesnot take into accounthe documentsassignedo different
clusters. The external criterion functionsderive the clusteringsolutionby focusingon optimizing a function that
is basedon hav the variousclustersare differentfrom eachother The graph based criterion functionsmodelthe



documents@sagraphanduseclusteringquality measureslefinedin the graphmodel. The hybrid criterionfunctions
simultaneouslyptimizemultiple individual criterionfunctions.Most of thesecriterionfunctionshave beenproposed
in the context of partitional clusteringalgorithms. However, they can also be usedfor agglomeratie clustering.
Table1 lists all the seven criterionfunctionsthatwe will study In theseformulas,D is the compositevectorof the
entiredocumentollection,andC; andD; arethecentroidandcompositevectorsof the S cluster respectrely.

Criterion Function | Category OptimazitionFunction
T Internal maximize Zk:n i Z cogqd;, dj) —Xk: IEx HZ (2)
1 r n2 KR = n .
r=1 g djes r=1 T
k k -t k
P d'Cy
T, Internal maximize » )" cogd,Cr) =) Y = > IDrll. )
r=1deS r=1dieS G =
£ External minimize Zk:n Dr'D 3)
1 .
o
. & op
G1 Graph-Basedybrid minimize 5 - (4)
;=1 IIDr |l
, . I S Y
g1 Graph-BasedHybrid minimize an D2 5)
r=1 r
k 2
) T _. 11D n
Hi Hybrid maximize =% = M (6)
& ¥y i n D 'D/|IDy ||
k
. T _1 11D,
Ho Hybrid maximize =2 = % (@)
&1 D =1 D 'D/|IDx ||

Table 1: Summary of various clustering criterion functions.

TheZ; criterionfunction(Equationl) maximizeshe sumof the averagepairwise cosinesimilaritieshetweerthe
documentsassignedo eachcluster weightedaccordingo thesizeof eachcluster andis identicalto thegroup-aerage
heuristicusedin agglomeratie clustering[4]. TheZ, criterionfunction (Equation2) is usedby the popularvector
spacevariantof the K-meansalgorithm[4, 17, 6, 23, 14]. Thegoalis to find clusteringsolutionsthat maximizethe
cosinesimilarity betweereachdocumentndthe centroidof the clusterthatis assignedo. The &1 criterionfunction
(Equation3) triesto separatehe document®f eachclusterfrom the entirecollection. In particular it minimizesthe
cosinebetweerthe centroidvectorof eachclusterto the centroidvectorof the entirecollection. The contritution of
eachclusteris weightedbasedntheclustersize. TheG; criterionfunction(Equatiord) is graphbasedandis derived
from therecentlyintroducedMinMaxCut[5] objective, thatsimultaneouslyninimizesthe cutbetweertheclusterand
every otherdocumentn thecollectionandmaximizesthe self-similaritywithin the clusteritself. It canbe shovn that
G1 combineseachclusterquality weightedproportionato theinverseof thesizeof thecluster[26]. As avariantto the
G function, the G; criterionfunction (Equation5) weightsthe quality measureof a clusterby its sizeto ensurethat
largeclusterscontributemoreto theoverallfunctionvalue.Finally, thetwo hybrid criterionfunctionsH 1 (Equation6)
andH (Equation7) wereobtainedby combiningZ; with £1, andZ, with £1, respectiely. A moredetaileddescription
andmotivationof all the criterionfunctionscanbefoundin [26].

3.2 Hierarchical Agglomerative Clustering Algorithms

Hierarchicalagglomeratie algorithmsfind the clustersby initially assigningeachobjectto its own clusterandthen
repeatedlymeming pairsof clustersuntil a certainstoppingcriterionis met. Thevariousclusteringcriterionfunctions
thatwe are consideringn this papercanbe usedto determinethe pairsof clustersto be memgedat eachstepin the
following way.

Consideran n-documentdatasetandthe clusteringsolutionthat hasbheencomputedafter performingl meiging
steps.This solutionwill containexactly n — | clusters,aseachmeiging stepreduceshe numberof clustersby one.
Now, given this (n — I)-way clusteringsolution, the pair of clustersthatis selectedo be megednext, is the one
thatleadsto an (n — | — 1)-way solutionthat optimizesthe particularcriterion function. Thatis, eachone of the
(n—1) x (n—1—1)/2 pairsof possiblememesis evaluated andthe onethatleadsto a clusteringsolutionthathasthe



maximum(or minimum)value of the particularcriterionfunctionis selected.Thus,the criterionfunctionis locally
optimizedwithin the particularstageof the agglomeratie algorithm. Dependingon the desiredsolution,this process
continueauntil eitherthereareonly k clusterleft, or whenthe entireagglomeratie treehasbeenobtained.

Therearetwo maincomputationallyexpensve stepsin agglomeratie clustering.Thefirst stepis the computation
of the pairwisesimilarity betweerall thedocumentsn the dataset. The compleity of this stepis upperboundedy
O(n?m), wheren is the numberof documentsandm is the numberof terms. However, for mostrealisticdocument
datasetsthe averagenumberof termsin eachdocumentis much smallerthanm and often rangeswithin 100-300
terms,irrespectve of m. For this reasonthe pairwisesimilarity betweerall thedocumentsanbecomputedn O(n?)
time by usingappropriatesparsedatastructures.

The secondstepis the repeatedelectionof the pair of clustersthatbestoptimizesthe criterionfunction. A naive
way of performingthatis to recomputethe gainsachieved by meiging eachpair of clustersafter eachlevel of the
agglomerationandselectthe mostpromisingpair. During the Ith agglomeratiorstep,this will requireO((n — 1)2)
time, leadingto anoverallcompleity of O(n®). Fortunatelythecompleity of this stepcanbereducedor theZ1, 7o,
£1, G1, andg] criterionfunctionsbecauseheimprovementsn thevalueof the criterionfunctionachieredby meging
apairof clusters andj doesnotchangeluringthedifferentagglomeratie stepsaslongasi or j is notselectedo be
merged.Consequentlthedifferentgainsin thevalueof the criterionfunctioncanbe computedoncefor eachpair of
clustersandinsertednto apriority queue As apair of clusters and| is selectedo bemeigedto form clusterp, then
the priority queueis updatedsothatarny gainscorrespondingdo clusterpairsinvolving eitheri or j areremoved,and
thegainsof memingtherestof theclusterswith thenewly formedclusterp areinserted Duringthelth agglomeration
step,thatinvolves O(n — |) priority queuedeleteandinsertoperations.If the priority queueis implementedusing
a binaryheap thetotal compleity of theseoperationds O((n — ) log(n — I)), andthe overall compleity over the
n — 1 agglomeratiorstepsis O(n? logn).

Unfortunately the original compleity of O(n®) of the nave approachcannotbe reducedfor the H1 and H»
criterionfunctions becaus¢heimprovementin theoverallvalueof thecriterionfunctionwhena pair of clusters and
j is memgedtendsto be changedor all pairsof clusters.As aresult,they cannotbe pre-computeéndinsertednto a
priority queue.

3.3 Partitional Clustering Algorithms

Partitional clusteringalgorithmscomputea k-way clusteringof a setof documentsitherdirectly or via a sequence
of repeatedisections A directk-way clusteringis commonlycomputedasfollows. Initially, a setof k documentss
selectedrom thecollectionto actastheseedf thek clusters.Then,for eachdocumentits similarity to thesek seeds
is computedandit is assignedo the clustercorrespondingdo its mostsimilar seed.Thisformstheinitial k-way clus-
tering. This clusteringis thenrepeatedlyefinedsothatit optimizesthedesiredclusteringcriterionfunction. A k-way
partitioningvia repeateisectionss obtainedby recursvely applyingthe above algorithmto compute2-way clus-
tering(i.e., bisections)nitially, the documentarepartitionedinto two clustersthenoneof theseclustersis selected
andis furtherbisectedandsoon. This processontinuek — 1 times,leadingto k clusters.Eachof thesebisectionds
performedso thatthe resultingtwo-way clusteringsolutionoptimizesthe particularcriterionfunction. However, the
overall k-way clusteringsolutionwill not necessarilye at a local minimawith respecto the criterionfunction. The
key stepin thisalgorithmis the methodusedto selectwhich clusterto bisectnext. In all of our experimentsye chose
to selectthelargestcluster asthis approacHeadto reasonablgoodandbalancedtlusteringsolutiong[23]. Extensve
experimentgpresentedn [26], shav thatthe clusteringsolutionsobtainedvia repeatedisectionsarecomparabler
betterthanthoseproducedvia direct clustering.Furthermoretheir computationatequirementgaremuchsmaller as
they have to solve asimpleroptimizationproblemat eachstep. For this reasonjn all of our experimentswve usethis
approachio computepartitionalclusteringsolutions.

A key stepin theabove classof partitionalalgorithmss themethodusedto refinetheinitial clusteringsolution. The
refinemenstratayy thatwe usedconsistsof a numberof iterations.During eachiteration,the documentsarevisited
in arandomorder For eachdocumentgd;, we computethe changen thevalueof the criterionfunction obtainedby
moving d; to oneof the otherk — 1 clusters.If thereexist somemovesthatleadto animprovementin the overall
valueof thecriterionfunction,thend; is movedto the clusterthatleadsto the highestimprovement.If no suchcluster
exists, d; remainsin the clusterthatit alreadybelongsto. The refinementphaseends,as soonaswe performan
iterationin which no documentsnoved betweerclusters.Note that unlike the traditionalrefinementapproactused
by K-meangype of algorithms the above algorithmmovesa documentassoonasit is determinedhatit will leadto
animprovementn thevalueof thecriterionfunction. This type of refinementlgorithmsareoftencalledincremental



[7]. Sinceeachmove directly optimizesthe particularcriterionfunction, this refinemenstratey alwayscorvergesto
alocal minima. Furthermorebecausehe variouscriterion functionsthat usethis refinemenstratey aredefinedin
termsof clustercompositeandcentroidvectors the changedn the valueof the criterionfunctionsasa resultof single
documentnovescanbe computecefficiently.

The algorithmsusedduring the refinementphaseare greedyin nature,they are not guaranteedo corvergeto a
globalminima, andthe local minima solutionthey obtaindependsn the particularsetof seeddocumentghatwere
selectedo obtaintheinitial clustering.To eliminatesomeof this sensitvity, the overall processs repeated number
of times. Thatis, we computeN differentclusteringsolutions(i.e., initial clusteringfollowedby clusterrefinement),
andthe onethatachievesthe bestvaluefor the particularcriterionfunctionis kept. In all of our experimentswe used
N = 10. For therestof this discussionwhenwe referto the clusteringsolutionwe will meanthe solutionthatwas
obtainedby selectinghe bestout of theseN potentiallydifferentsolutions.

Oneof thedifferencedetweemartitionalandagglomeratie clusteringalgorithmss thefactthattheformerdo not
generatanagglomeratie tree. Agglomeratve treesarevery usefulasthey containinformationon hav the different
documentsare relatedwith eachother at differentlevels of granularity One way of inducing an agglomeratie
treefrom a partitionalclusteringsolutionis to do it in sucha way sothatit preseresthe alreadycomputedk-way
clustering. This canbe donein two steps. First, we build an agglomeratie tree for the documentselongingto
eachone of the clusters,andthenwe combinethesetreesby building an agglomeratie tree, whoseleaves are the
partitionally discoveredclusters.This approactensureghatthe k-way clusteringsolutioninducedby the overall tree
is identicalto thek-way clusteringsolutioncomputeddy the partitionalalgorithm.Both of thesetreesareconstructed
sothatthey optimizethe samecriterionfunctionthatwasusedto derivedthe partitionalclusteringsolution.

4 Experimental Results

We experimentallyevaluatedheperformancef thedifferentclusteringecriterionfunctions,in the context of hierarchi-
cal agglomeratie clustering,on a numberof differentdatasetsin therestof this sectionwe first describehevarious
dataset@&ndour experimentamethodologyfollowedby a descriptionof the experimentatesults.

4.1 Document Collections

In our experiments,we useda total of twelve differentdatasetsywhosegeneralcharacteristicare summarizedn

Table2. The smallestof thesedatasetontained878 documentsand the largestcontained4,069documents.To

ensurediversity in the datasetswe obtainedthem from differentsources. For all datasetswe useda stop-listto

remove commonwords,andthe wordswere stemmediusingPorters suffix-strippingalgorithm[20]. Moreover, ary

termthatoccursin fewerthantwo documentsvaseliminated.Dueto spaceconstraintsyve did notincludea detailed
descriptionof thesedatasets but it canbefoundin [26].

Data Source # of documents| #of terms | # of classes
fbis FBIS (TREC) 2463 12674 17
hitech SanJoseMercury (TREC) 2301 13170 6
reviews | SanJoseMercury (TREC) 4069 23220 5
lal LA Times(TREC) 3204 21604 6
la2 LA Times(TREC) 3075 21604 6
tr31 TREC 927 10128 7
tr41 TREC 878 7454 10
re0 Reuters-21578 1504 2886 13
rel Reuters-21578 1657 3758 25
kla WebACE 2340 13879 20
klb WebACE 2340 13879 6
wap WebACE 1560 8460 20

Table 2: Summary of data sets used to evaluate the various clustering criterion functions.



4.2 Experimental Methodology and Metrics

For eachone of the differentdatasetave obtained10- and 20-way clusteringsolutionsthat optimizedthe various
criterionfunctions,in the context of hierarchicalandpartitionalagglomeratie clustering. We computedooththe k-
way clusteringandtheentirehierarchicargglomeratie treethatwasderivedfrom eachoneof thecriterionfunctions.

The quality of a clusteringsolutionwas measuredisingtwo differentmethodghatlook at the classlabelsof the
documentsassignedo eachcluster Thefirst methoduseshewidely usedentropymetricthatlooksathow thevarious
classeof documentaredistributedwithin eachoneof thek clusters.The secondnethod,determineshe quality of
a clusteringsolutionby analyzingthe entireagglomeratie treethatis producedy the particularclusteringcriterion
function.

Entropy Measure GivenaparticularclusterS of sizen;, theentrojy of this clusteris definedto be

1 I ni
E(S)=———Y —Llog—,
&) Iogq;nr I

whereq is thenumberof classesn thedatasetandnir is the numberof document®f theith classthatwereassigned
to therth cluster The entrogy of the entireclusteringsolutionis thendefinedto be the sumof the individual cluster
entropiesveightedaccordingo theclustersize. Thatis,

K
n
Entropy = Z Fr E(S).
r=1

A perfectclusteringsolutionwill bethe onethatleadsto clustersthat containdocumentgrom only a singleclass,in
which casethe entropy will bezero.In generalthe smallerthe entrofy values the betterthe clusteringsolutionis.

FScore Measure Oneof thelimitationsof evaluatingthe quality of a clusteringsolutionproducedy agglomera-
tive methodss thatit is very sensitve onthechoiceof k, andthederivedclusteringsolutionmayappeaunnecessarily
poordueto the presencef a few outlier documentsFor this reasona betterapproactor comparingthe clustering
solutionsproducedy agglomeratie methodss to comparehe overall setof clustersthatarerepresenteth thetree
they produce.Onesuchmeasures FScoremeasureintroducedby [17]. Givena particularclassC; of sizen; anda
particularclusterS of sizen;, suppose; documentsn theclusterS belongto C;, thenthe FScoreof this classand

clusteris definedto be 24 RCr. S) % PG, S
F(Cr,s): * ( T )* ( I ),
R(Cr, S) + PG, §)
where R(C;, §) is therecall valuedefinedasn;; /n;, and P(C,, §) is the precisionvaluedefinedasn;;/n;. The
FScoreof the classC;, is the maximumFScorevalueattainedat any nodein the hierarchicaklusteringtree T. That

IS,

F(Cr) = VSUS_IZ(F(Cr, S).

The FScoreof the entire clusteringsolutionis thendefinedto be the sum of the individual classFScoreweighted
accordingo theclasssize.

C
n
FScoe= ) F’ F(C),
r=1

wherec is the total numberof classes. A perfectclusteringsolutionwill be the onein which every classhasa
correspondingluster containingthe exactly samedocumentdn the resulting hierarchicaltree, in which casethe
FScorewill beone.In generalthehigherthe FScorevalues the betterthe clusteringsolutionis.

4.3 Evaluation of the Criterion Functions for Agglomerative Clustering

Ourfirst setof experimentsvasfocusedon evaluatingthe quality of the clusteringsolutionsproducecby the various
criterionfunctionswhenthey wereusedto guidetheagglomeratioprocess.
The entropy resultsfor the variousdatasetsand criterion functionsfor 10- and 20-way clusteringsolutionsare



shavn in Table3. Theresultsin thistableareprovidedprimarily for completenesandin orderto evaluatethevarious
criterion functionswe actually summarizedheseresultsby looking at the averageperformanceof eachcriterion
functionoverthe entiresetof datasets.

10-way Clustering 20-way Clustering

Name I1 Iy &1 g1 gi H1 Ho I1 I &1 g1 gi H1 Hy

tr31 0.270 | 0.226 | 0.313 | 0.269 | 0.317 | 0.293 | 0.284 | 0.230 [ 0.196 | 0.228 | 0.187 | 0.241 | 0.227 | 0.224
tr4l 0.472 | 0.262 | 0.320 | 0.376 | 0.321 | 0.329 | 0.327 | 0.223 | 0.187 | 0.226 | 0.239 | 0.222 | 0.229 | 0.220
re0 0.488 | 0.455 | 0.492 | 0489 | 0.488 | 0.470 | 0.478 | 0.434 | 0.405 | 0.425 | 0.426 | 0.430 | 0.382 | 0.414
rel 0.548 | 0.470 | 0.509 | 0.513 | 0.516 | 0.489 | 0.494 | 0.463 | 0.383 | 0.406 | 0.434 | 0.421 | 0.388 | 0.400
kla 0.567 | 0.472 | 0.546 | 0.484 | 0.537 | 0.486 | 0.506 | 0.462 | 0.418 | 0.481 | 0.441 | 0.485 | 0.399 | 0.448
k1lb 0.276 | 0.180 | 0.280 | 0.174 | 0.272 | 0.173 | 0.235 | 0.211 | 0.163 | 0.241 | 0.158 | 0.237 | 0.152 | 0.203
wap 0.520 | 0.448 | 0.528 | 0.485 | 0.537 | 0.474 | 0.503 | 0.435| 0.397 | 0.455 | 0.446 | 0.484 | 0.406 | 0.426
fbis 0.483 | 0.458 | 0.448 | 0.490 | 0.457 | 0.456 | 0.446 | 0.418 | 0.396 | 0.375 | 0.401 | 0.391 | 0.395 | 0.378
hitech 0.734 | 0.726 | 0.731 | 0.714 | 0.745 | 0.720 | 0.710 | 0.675 | 0.673 | 0.688 | 0.652 | 0.691 | 0.664 | 0.672
lal 0.636 | 0.580 | 0.570 | 0.580 | 0.654 | 0.561 | 0.611 | 0.590 | 0.530 | 0.541 | 0.542 | 0.603 | 0.531 | 0.561
la2 0.673 | 0.540 | 0.594 | 0.535 | 0.607 | 0.561 | 0.531 | 0.513 | 0.515 | 0.562 | 0.504 | 0.562 | 0.536 | 0.512
reviews | 0.606 | 0.442 | 0.460 | 0.506 | 0.482 | 0.436 | 0.402 | 0.408 | 0.374 | 0.431 | 0.387 | 0.407 | 0.383 | 0.377

Table 3: The entropy values for the various datasets and criterion functions for the clustering solutions obtained via hierarchical
agglomerative clustering.

Oneway of summarizingheresultsis to averagethe entropiesor eachcriterionfunctionover thetwelve different
datasetsHowever, sincethe clusteringquality for differentdatasetss quite differentandsincethe quality tendsto
improve aswe increaseghe numberof clusterswe felt thatsuchsimpleaveragingmay distortthe overall results.For
this reasonpur summarizatioris basedon averagingrelative entropiesasfollows. For eachdataseandvalueof k,
we dividedthe entropy obtainedby a particularcriterionfunctionby the smallestentrory obtainedfor thatparticular
datasetandvalueof k over the differentcriterion functions. Theseratiosrepresenthe degreeto which a particular
criterionfunctionperformedworsethanthe bestcriterionfunctionfor thatparticularseriesof experiments Notethat
for differentdataset@indvaluesof k, the criterion function that achiesed the bestsolutionas measuredy entrogy
may be different. Theseratiosarelesssensitve to the actualentropy valuesandthe particularvalue of k. We will
referto theseratiosasrelativeentropies Now, for eachcriterionfunctionandvalueof k we averagedheserelative
entropieverthevariousdatasetsA criterionfunctionthathasanaverage relative entropy closeto 1.0will indicate
thatthis functiondid the bestfor mostof the datasetsOn the otherhand,if the averagerelative entroyy is high,then
this criterionfunctionperformedooorly.

The valuesfor the relative entropiesfor the 10- and 20-way clusteringsolutionsare shovn in Table 4, andthe
averagerelative entrogy is shavn in the row labeled“Average”. The entriesthat are boldfacedcorrespondo the
criterionfunctionsthatperformedhebest.

10-way Clustering 20-way Clustering

Name I Iy &1 g1 [ H1 Ho 11 Iy &1 g1 gi H1 Ho

tr31 1.195 | 1.000 | 1.385 | 1.190 | 1.403 | 1.296 | 1.257 | 1.230 | 1.048 | 1.219 | 1.000 | 1.289 | 1.214 | 1.198
tr41 1.802 | 1.000 | 1.221 | 1.435| 1.225 | 1.256 | 1.248 | 1.193 | 1.000 | 1.209 | 1.278 | 1.187 | 1.225 | 1.176
re0 1.073 | 1.000 | 1.081 [ 1.075| 1.073 | 1.033 | 1.051 | 1.136 | 1.060 | 1.113 | 1.115 | 1.126 | 1.000 | 1.084
rel 1.166 | 1.000 | 1.083 | 1.091 | 1.098 | 1.040 | 1.051 | 1.209 | 1.000 | 1.060 | 1.133 | 1.099 | 1.013 | 1.044
kla 1.201 | 1.000 | 1.157 | 1.025 | 1.138 | 1.030 | 1.072 | 1.158 | 1.048 | 1.206 | 1.105 | 1.216 | 1.000 | 1.123
k1b 1595 | 1.040 | 1.618 | 1.006 | 1.572 | 1.000 | 1.358 | 1.388 | 1.072 | 1.586 | 1.039 | 1.559 | 1.000 | 1.336
wap 1.161 | 1.000 | 1.179 | 1.083 | 1.199 | 1.058 | 1.123 | 1.096 | 1.000 | 1.146 | 1.123 | 1.219 | 1.023 | 1.073
fbis 1.083 | 1.027 | 1.004 | 1.099 | 1.025 | 1.022 | 1.000 | 1.115 | 1.056 | 1.000 | 1.069 | 1.043 | 1.053 | 1.008
hitech 1.084 | 1.023 | 1.030 | 1.006 | 1.049 | 1.014 | 1.000 | 1.0385 | 1.032 | 1.055 | 1.000 | 1.060 | 1.018 | 1.031
lal 1.134 | 1.034 | 1.016 | 1.034 | 1.166 | 1.000 | 1.089 | 1.113 | 1.000 | 1.021 | 1.023 | 1.138 | 1.002 | 1.058
la2 1.267 | 1.017 | 1.119 | 1.008 | 1.143 | 1.056 | 1.000 | 1.018 | 1.022 | 1.115 | 1.000 | 1.115 | 1.063 | 1.016
reviews | 1.507 | 1.100 | 1.144 | 1.259 | 1.199 | 1.085 | 1.000 | 1.091 | 1.000 | 1.152 | 1.035 | 1.088 | 1.024 | 1.008
Average [ 1.268 | 1.020 | 1.170 | 1.109 | 1.191 | 1.074 | 1.104 | 1.148 | 1.028 | 1.157 | 1.077 | 1.178 | 1.053 | 1.096

Table 4: Relative entropies of the different datasets for different criterion functions for the clustering solutions obtained via hierar-
chical agglomerative clustering. Boldfaced entries represent the best performing scheme.

A numberof obsenationscanbe madeby analyzingtheresultsin Table4. First,the Z, criterionfunctionleadsto
the bestsolutionsirrespectve of the numberof clustersfor mostof the datasets.Over the entiresetof experiments,
this methodis eitherthe bestor alwayswithin 10% of the bestsolution. On the average the 7, criterion function



outperformghe othercriterionfunctionsby 5%—-27%and3%—13%for 10- and20-way clustering respectiely. Sec-
ond, the # criterionfunction performsthe next bestand overall is within 5% and 3% of the bestsolutionfor 10-

and20-way clustering respectiely. Third, the # criterionfunctionperformsguitewell whenthe numberof clusters
is relatively small. It outperformgheZ; criterionfunctionin severaldatasets—arendalsoobseredin the caseof

partitional clusteringalgorithms[26]. Fourth,theZ;, £1, andthe G; criterionfunctionsleadto clusteringsolutions
thatareconsistentlyworsethanthe solutionsobtainedusingthe othercriterionfunctionsregardlessf the numberof

clusters.Finally, the G1 criterionfunctionalwaysperformssomavherein the middle of the road. Also notethatthe
relative performancef the variouscriterionfunctionsremainsrelatively the samefor the 10- and20-way clustering
solutions.

The FScore-basedomparisorof the treesproducedby the variouscriterion functionsfor the differentdatasets
is shavn in Table5. The sub-tablelabeled“FScore” shaws the actualFScorevaluesof the treesproducedby the
differentcriterion functions,whereaghe sub-tablelabeled“Relative FScore”shawvs the ratio of the FScorevalues
for a particularcriterionfunctionrelative to the bestFScorevalueachievedfor that particulardataset. Since,higher
FScorevaluesarebetter all theserelative FScorevaluesarelessthanone,andthe schemehathasa relatve FScore
valueof one,is thebest.Finally, therow labeled'Average”shavs theaveragerelativeFScoe valueover thedifferent
datasets.A criterionfunctionthathasanaveragerelatve FScorevaluecloseto 1.0will indicatethatthis functiondid
thebestfor mostof the datasetsOntheotherhand,if theaveragerelative FScores small,thenthis criterionfunction
performedooorly.

FScore Relative FScore
Name I1 I, &1 g1 [ Hy Ho Name 11 I &1 g1 g1 Hi Ho
tr31 0.756 | 0.844 | 0.795 | 0.796 | 0.762 | 0.818 | 0.789 tr31 0.896 | 1.000 | 0.942 | 0.943 | 0.903 | 0.969 | 0.935
tr41 0.694 | 0.779 | 0.772 | 0.754 | 0.769 | 0.728 | 0.729 tr41 0.891 | 1.000 | 0.991 | 0.968 | 0.987 | 0.935 | 0.936
re0 0.561 | 0.576 | 0.575 | 0.581 | 0.571 | 0.603 | 0.585 re0 0.930 | 0.955 | 0.954 | 0.964 | 0.947 | 1.000 | 0.970
rel 0.607 | 0.684 | 0.651 | 0.617 | 0.632 | 0.662 | 0.660 rel 0.887 | 1.000 | 0.952 | 0.902 | 0.924 | 0.968 | 0.965
kla 0.583 | 0.605 | 0.544 | 0.603 | 0.538 | 0.601 | 0.579 kla 0.964 | 1.000 | 0.899 | 0.997 | 0.889 | 0.993 | 0.957
klb 0.836 | 0.896 | 0.816 | 0.844 | 0.812 | 0.889 | 0.858 klb 0.933 | 1.000 | 0.911 | 0.942 | 0.906 | 0.992 | 0.958
wap 0.588 | 0.618 | 0.577 | 0.618 | 0.576 | 0.607 | 0.580 wap 0.951 | 1.000 | 0.934 | 1.000 | 0.932 | 0.982 | 0.939
fbis 0.592 | 0.639 | 0.643 | 0.624 | 0.617 | 0.629 | 0.637 fbis 0.921 | 0.994 | 1.000 | 0.970 | 0.960 | 0.978 | 0.991
hitech 0.480 | 0.480 | 0.489 | 0.471 | 0.489 | 0.476 | 0.468 hitech 0.982 | 0.982 | 1.000 | 0.963 | 1.000 | 0.973 | 0.957
lal 0.580 | 0.648 | 0.634 | 0.612 | 0.607 | 0.635 | 0.620 lal 0.895 | 1.000 | 0.978 | 0.944 | 0.937 | 0.980 | 0.957
la2. 0.610 | 0.681 | 0.633 | 0.644 | 0.610 | 0.613 | 0.697 la2 0.875 | 0.977 | 0.908 | 0.924 | 0.875 | 0.879 | 1.000
reviews | 0.642 | 0.689 | 0.690 | 0.654 | 0.734 | 0.648 | 0.727 reviews | 0.875 | 0.939 | 0.940 | 0.891 | 1.000 | 0.883 | 0.990
Average | 0.917 | 0.987 0.951 | 0.951 [ 0.938 | 0.961 | 0.963

Table 5: The actual and average FScore values for the various datasets and criterion functions for the tree obtained via hierarchical
agglomerative clustering.

Comparinghe FScore-baserksultswith thosebasedn entropy, we canseethattherelative performancef most
of thecriterionfunctionsremainghe same 7> still leadsto the bestsolutionswhereas; leadsto theworst. Over the
entiresetof experimentsZ, is eitherthebestor alwayswithin 6% of thebestsolution.OntheaveragetheZ, criterion
functionoutperformgheothercriterionfunctionswith a 3%—8%lead.Ontheotherhand,Z; is always2%—11%worse
thenthe bestresults.Theremainingfive criterionfunctionsperformsimilarly with eachother with #1 and#, doing
someavhatbetterthanthe rest(within 3% of the bestsolution). The key differencebetweerthe FScore-andentropy-
basedesultsis thatthe &1, G andH: criterionfunctionsappeato have abetterrelative performancevhenmeasured
using FScoreinsteadof entrofy. SinceFScoremeasureshe quality of the entiretree andnot ary fixed numberof
clusterspneexplanationof the differencebetweerFScoreandentrofy maybethatthesecriterionfunctionsgenerate
reasonablygood agglomeratie solutions,but they are sensitve on outlier objects,that tendsto producesomeavhat
worsefixedk clusteringsolutions.

Comparingheobsenationsmadefrom Table5 andTable4 with the correspondin@indingsfor partitionalcluster
ing algorithmsin our previous study{26], they do shareseveralcommontrends.The 7, criterionfunction performs
thebesttheZ; criterionfunctionperformstheworstandg; is in themiddle. However, the £; criterionfunctiondoes
notwork well in agglomeratie algorithms,andZ, outperformsvery othercriterionfunction,whereasn partitional
algorithms,H1 andH> canproducecompetitve solutions.



4.4 Comparison of Agglomerative vs. Partitional Clustering Solutions

Our secondset of experimentswas focusedon comparingthe clusteringsolutionsproducedby the agglomeratie
algorithmsto thoseproducedy the partitionalalgorithmbasedn repeatedisectiongdescribedn Section3.3).

Table6 shavstheentropy of theclusteringsolutionsproducedy thevariouscriterionfunctionsfor 10-and20-way
partitionalclustering. Recallfrom Section3.3, we computedl0 partitional clusteringsolutionswith varioussetsof
initial seeddocumentsor eachdatasetandcriterionfunction,andwe chosethe clusteringsolutionthatachievesthe
bestvalueof the correspondingriterionfunctionusedin clusteringamongthe 10trails. Table7 shawvs the entropies
of the sameclusteringsolutionsrelative to thoseachieved by the correspondingaigglomeratie approachesSince,
smallerentrofy valuesare better ary ratios greaterthan one indicatethat the clusteringsolution producedby the
agglomeratie approachs better whereasary ratiossmallerthanoneindicatethat partitionaldoesbetter Also, the
row labeled'Average”shavs the averageof theserelative entropiever all thedifferentdatasets.

10-way Clustering 20-way Clustering

Name I Iy &1 g1 g’l H1 Ho I1 I &1 g1 g’l H1 Hy

tr31 0.320 | 0.163 | 0.211 | 0.182 | 0.287 | 0.192 | 0.182 | 0.221 [ 0.122 | 0.147 | 0.143 | 0.188 | 0.159 | 0.163
tr4l 0.311 | 0.261 | 0.296 | 0.282 | 0.322 | 0.267 | 0.277 | 0.200 | 0.152 | 0.188 | 0.180 | 0.193 | 0.174 | 0.173
re0 0.415| 0412 | 0411 | 0.396 | 0.410 | 0.389 | 0.402 | 0.319 | 0.328 | 0.350 | 0.304 | 0.344 | 0.348 | 0.331
rel 0.433 | 0.414 | 0.397 | 0406 | 0.414 | 0.410 | 0.399 | 0.344 | 0.311 | 0.323 | 0.315 | 0.337 | 0.335 | 0.312
kla 0.424 | 0.424 | 0.404 | 0.410 | 0.412 | 0.419 | 0.401 | 0.338 | 0.316 | 0.319 | 0.322 | 0.327 | 0.290 | 0.324
k1lb 0.187 | 0.172 | 0.152 | 0.156 | 0.166 | 0.183 | 0.133 | 0.131 | 0.116 | 0.120 | 0.131 | 0.119 | 0.103 | 0.116
wap 0.431 | 0422 | 0.395 | 0.418 | 0.412 | 0.411 | 0.401 | 0.341 | 0.314 | 0.330 | 0.316 | 0.338 | 0.307 | 0.323
fbis 0.400 | 0.394 | 0.446 | 0.408 | 0.408 | 0.400 | 0.440 | 0.336 | 0.344 | 0.373 | 0.330 | 0.343 | 0.334 | 0.360
hitech 0.666 | 0.583 | 0.575 | 0.602 | 0.589 | 0.593 | 0.571 | 0.624 | 0.531 | 0.541 | 0.553 | 0.541 | 0.551 | 0.535
lal 0.477 | 0.362 | 0.395 | 0.418 | 0.396 | 0.421 | 0.384 | 0.421 | 0.346 | 0.370 | 0.390 | 0.371 | 0.385 | 0.372
la2 0.403 | 0.351 | 0.401 | 0.399 | 0.393 | 0.375 | 0.366 | 0.357 | 0.324 | 0.349 | 0.367 | 0.344 | 0.348 | 0.325
reviews | 0.359 | 0.299 | 0.232 | 0.288 | 0.283 | 0.316 | 0.254 | 0.281 | 0.249 | 0.199 | 0.230 | 0.245 | 0.278 | 0.209

Table 6: The entropy values for the various datasets and criterion functions for the clustering solutions obtained via partitional
clustering.

10-way Clustering 20-way Clustering

Name I1 Iy &1 g1 g1 Hi Ho 11 Iy &1 g1 g1 Hi Ho

tr31 1.185 | 0.721 | 0.674 | 0.677 | 0.905 | 0.655 | 0.641 | 0.961 | 0.622 | 0.645 | 0.765 | 0.780 | 0.700 | 0.728
tr4l 0.659 | 0.996 | 0.925 | 0.750 | 1.003 | 0.812 | 0.847 | 0.897 | 0.813 | 0.832 | 0.753 | 0.869 | 0.760 | 0.786
re0 0.850 | 0.905 | 0.835 | 0.810 | 0.840 | 0.828 | 0.841 | 0.735 | 0.810 | 0.824 | 0.714 | 0.800 | 0.911 | 0.800
rel 0.790 | 0.881 | 0.780 | 0.791 | 0.802 | 0.838 | 0.808 | 0.743 | 0.812 | 0.796 | 0.726 | 0.800 | 0.863 | 0.780
kla 0.748 | 0.898 | 0.740 | 0.847 | 0.767 | 0.862 | 0.792 | 0.732 | 0.756 | 0.663 | 0.730 | 0.674 | 0.727 | 0.723
klb 0.678 | 0.956 | 0.543 | 0.897 | 0.610 | 1.058 | 0.566 | 0.621 | 0.712 | 0.498 | 0.829 | 0.502 | 0.678 | 0.571
wap 0.829 | 0.942 | 0.748 | 0.862 | 0.767 | 0.867 | 0.797 | 0.784 | 0.791 | 0.725 | 0.709 | 0.698 | 0.756 | 0.758
fbis 0.828 | 0.860 | 0.996 | 0.833 | 0.893 | 0.877 | 0.987 | 0.804 | 0.869 | 0.995 | 0.823 | 0.877 | 0.846 | 0.952
hitech 0.907 | 0.803 | 0.787 | 0.843 | 0.791 | 0.824 | 0.804 | 0.924 | 0.789 | 0.786 | 0.848 | 0.783 | 0.830 | 0.796
lal 0.750 | 0.624 | 0.693 | 0.721 | 0.606 | 0.750 | 0.628 | 0.714 | 0.653 | 0.684 | 0.720 | 0.615 | 0.725 | 0.663
la2 0.599 | 0.650 | 0.675 | 0.746 | 0.647 | 0.668 | 0.689 | 0.696 | 0.629 | 0.621 | 0.728 | 0.612 | 0.649 | 0.635
reviews | 0.592 | 0.676 | 0.504 | 0.569 | 0.587 | 0.725 | 0.632 | 0.689 | 0.666 | 0.462 | 0.594 | 0.602 | 0.726 | 0.554
Average [ 0.785 | 0.826 | 0.742 | 0.779 | 0.768 | 0.814 | 0.753 | 0.775 | 0.743 | 0.711 | 0.745 | 0.718 | 0.764 | 0.729

Table 7: The entropy values for the various datasets and criterion functions for the clustering solutions obtained via partitional
clustering relative to the entropy values achieved via agglomerative clustering.

A numberof obsenationscanbe madeby analyzingtheresultsin Table7. First, the clusteringsolutionsproduced
by the partitional approachare consistentlybetterthen thoseproducedby the agglomeratie approachfor all the
criterionfunctions.Thepartitionalresultsare 18%—29%betterthanthe correspondinggglomeratie results.Second,
theimprovementssary amongthe criterionfunctions.For thosecriterionfunctionsthatperformwell in the partitional
approachput poorly in the agglomeratie approachthe improvementsare greater For example,£1, G;, andH2
improveby 24%—-26%and28%—-29%or 10-and20-way clusteringrespectiely. Ontheotherheadtheimprovements
are lower for thosecriterion functionsthat have similar relative performancen both agglomeratie and partitional
approachedor example, Z, and# improve by 18%—19%and25%—-26%for 10-and20-way clusteringrespectiely.

Table 8 shaws the FScoreof the agglomeratie treesthat are producedbasedon the 10- and 20-way partitional
clusteringsolutions. Thesetreeswereobtainedusingthe approactdescribedn Section3.3. Again, theseresultsare
primarily providedfor completenesandour discussiorwill focuson comparingtheseclusteringsolutionsto those



producedby the agglomeratie algorithms. Table 9 shavs the FScorevaluesachieved by the partitionalapproach
relative to thoseachievedby the correspondinggglomeratie approachesSince,largerFScorevaluesarebetter any
ratiossmallerthanoneindicatethatthe clusteringsolutionproducedy the agglomeratie approachs better whereas
ary ratiosgreaterthanoneindicatethat partitionaldoesbetter Also, therow labeled‘Average”shons the averageof
theserelative FScorevaluesover all the differentdatasets.

10-way Clustering 20-way Clustering

Name 11 Iy &1 g1 g1 Hi Ho 11 Iy &1 g1 [ Hi Hp

tr31 0.770 | 0.896 | 0.856 | 0.687 | 0.756 | 0.859 | 0.873 | 0.727 | 0.883 | 0.875 | 0.797 | 0.801 | 0.800 | 0.818
tr41 0.755 | 0.823 | 0.741 | 0.756 | 0.739 | 0.786 | 0.803 | 0.705 | 0.818 | 0.742 | 0.733 | 0.671 | 0.790 | 0.745
re0 0.603 | 0.623 | 0.612 | 0.624 | 0.668 | 0.618 | 0.608 | 0.614 | 0.621 | 0.618 | 0.612 | 0.615 | 0.627 | 0.634
rel 0.631 | 0.731 | 0.719 | 0.707 | 0.693 | 0.710 | 0.730 | 0.625 | 0.739 | 0.725 | 0.682 | 0.695 | 0.717 | 0.724
kla 0.647 | 0.655 | 0.660 | 0.653 | 0.636 | 0.682 | 0.672 | 0.678 | 0.669 | 0.687 | 0.661 | 0.679 | 0.712 | 0.687
klb 0.873 | 0.873 | 0.894 | 0.868 | 0.858 | 0.885 | 0.920 | 0.893 | 0.896 | 0.892 | 0.867 | 0.867 | 0.915 | 0.870
wap 0.666 | 0.663 | 0.675 | 0.650 | 0.652 | 0.658 | 0.674 | 0.676 | 0.689 | 0.677 | 0.680 | 0.676 | 0.694 | 0.682
fbis 0.690 | 0.670 | 0.654 | 0.610 | 0.668 | 0.679 | 0.616 | 0.691 | 0.683 | 0.653 | 0.631 | 0.683 | 0.687 | 0.647
hitech 0.473 | 0.556 | 0.571 | 0.522 | 0.553 | 0.545 | 0.580 | 0.473 | 0.566 | 0.570 | 0.541 | 0.556 | 0.547 | 0.529
lal 0.642 | 0.804 | 0.718 | 0.681 | 0.719 | 0.721 | 0.725 | 0.642 | 0.804 | 0.719 | 0.611 | 0.719 | 0.751 | 0.725
la2 0.638 | 0.774 | 0.772 | 0.642 | 0.749 | 0.717 | 0.781 | 0.711 | 0.777 | 0.784 | 0.647 | 0.765 | 0.717 | 0.764
reviews | 0.684 | 0.822 | 0.866 | 0.790 | 0.838 | 0.753 | 0.762 | 0.675 | 0.847 | 0.876 | 0.743 | 0.823 | 0.777 | 0.763

Table 8: The FScore values for the various datasets and criterion functions for the clustering solutions obtained via partitional
clustering.

10-way Clustering 20-way Clustering

Name I, I, &1 g1 [ Hy Ho I, I, &1 g1 g1 Hy Ho

tr31 1.019 | 1.062 | 1.077 | 0.863 | 0.992 | 1.050 | 1.106 | 0.962 | 1.046 | 1.101 | 1.001 | 1.051 | 0.978 | 1.037
tr41 1.088 | 1.056 | 0.960 [ 1.003 | 0.961 | 1.080 | 1.102 | 1.016 | 1.050 | 0.961 | 0.972 | 0.873 | 1.085 | 1.022
re0 1.075 | 1.082 | 1.064 | 1.074 | 1.170 | 1.025 | 1.039 | 1.094 | 1.078 | 1.075 | 1.053 | 1.077 | 1.040 | 1.084
rel 1.040 | 1.069 | 1.104 | 1.146 | 1.097 | 1.073 | 1.106 | 1.030 | 1.080 | 1.114 | 1.105 | 1.100 | 1.083 | 1.097
kla 1.110 | 1.083 | 1.213 | 1.083 | 1.182 | 1.135 | 1.161 | 1.163 | 1.106 | 1.263 | 1.096 | 1.262 | 1.185 | 1.187
k1b 1.044 | 0.974 | 1.096 | 1.028 | 1.057 | 0.996 | 1.072 | 1.068 | 1.000 | 1.093 | 1.027 | 1.068 | 1.029 | 1.014
wap 1.133 | 1.073 | 1.170 | 1.052 | 1.132 | 1.084 | 1.162 | 1.150 | 1.115 | 1.173 | 1.100 | 1.174 | 1.143 | 1.176
fbis 1.166 | 1.049 | 1.017 | 0.978 | 1.083 | 1.079 | 0.967 | 1.167 | 1.069 | 1.016 | 1.011 | 1.107 | 1.092 | 1.016
hitech 0.985 | 1.158 | 1.168 | 1.108 | 1.131 | 1.145| 1.239 | 0.985 | 1.179 | 1.166 | 1.149 | 1.137 | 1.149 | 1.130
lal 1.107 | 1.241 | 1.132 | 1.113 | 1.185 | 1.135 | 1.169 | 1.107 | 1.241 | 1.134 | 0.998 | 1.185 | 1.183 | 1.169
la2 1.046 | 1.137 | 1.220 | 0.997 | 1.228 | 1.170 | 1.121 | 1.166 | 1.141 | 1.239 | 1.005 | 1.254 | 1.170 | 1.096
reviews | 1.065 | 1.193 | 1.255 | 1.208 | 1.142 | 1.162 | 1.048 | 1.051 | 1.229 | 1.270 | 1.136 | 1.121 | 1.199 | 1.050
Average [ 1.073 | 1.098 | 1.123 | 1.054 | 1.113 | 1.094 | 1.108 | 1.080 | 1.111 | 1.134 | 1.055 | 1.117 | 1.111 | 1.090

Table 9: The FScore values for the various datasets and criterion functions for the clustering solutions obtained via partitional
clustering relative to the FScore values achieved via agglomerative clustering.

ComparingheseFScorevalues,we canseethatthe clusteringsolutionsproducedy the agglomeratie approach
are consistentlyworsethanthoseproducedby the partitionalapproachfor all the criterion functions. The FScore
valuesof the treesproducedby partitional algorithmsare 5%-13%betterthenthoseby agglomeratie algorithms
for variouscriterionfunctions. Also, theimprovementsrary amongthe criterion functions. Overall, the &1 criterion
function hasthe greatesimprovementof 12%-13%of the FScorevalues,whereaghe G; criterionfunctionhasthe
leastimprovemenbf 5%. Similarimprovementsn therangeof 7%—11%areobsenedby theothercriterionfunctions.
Finally, the treesinducedby 10- and 20-way partitional clusteringhave comparabld=Scorevalues. Moreover, we
performecadetailedstudyto seetheeffectthatk hasin the overall quality of theinducedtree,andwe foundthatthere
is a wide rangeof valuesthatk cantake, andstill achiere high quality inducedtrees. Due to spaceconstraintsthe
resultsof this studyhave beenomitted.

5 Concluding Remarks

In the paperwe experimentallyevaluatedsersen differentcriterion functionsfor clusteringlarge documentdatasets
using the agglomeratie approachand comparedhe clusteringresultsobtainedvia agglomeratie algorithmswith
thoseobtainedvia partitionalalgorithmsfor eachone of the clusteringcriterionfunctions. Our experimentakesults
shavedthatin the contet of agglomeratie clustering the groupaveragecriterionfunction (Z1) performsthe worst,
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andthetraditionalcriterionfunctionusedby thevectorspaceK -meang7Z>) leadsto the bestsolutions.

Theexperimentatesultsalsoshovedthatfor every criterionfunction,thehierarchicatreesproducedy partitional
algorithmsarealwaysbetterthanthoseproducedy agglomeratie algorithms andthevariouscriterionfunctionslead
to differentimprovements.
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